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Abstract 
Water companies have adopted sophisticated risk-based management systems for managing water quality in water distribution 
networks (WDNs). Despite their efforts to comply with the standards for drinking water, they continue to receive customer 
complaints related to the water quality; discoloration is one such customer complaint. These complaints greatly undermine 
customers’ confidence in water companies. Discoloration is the result of release of accumulated material on pipe walls under 
stressed conditions. Therefore, understanding the causes of accumulation and the processes that influence accumulation of 
material is of paramount importance to water companies. In this paper, initially we identified various chemical and biological 
processes that highly influence the process of accumulation. Thereafter, using six years of water quality data, collected 
randomly, an artificial neural network (ANN) model was developed to predict Iron (Fe) and Manganese (Mn) accumulation 
potential. From the prediction profiler graph of the model, it was observed that increasing aluminium in the range 0 to 120 µg/l 
resulted in an increase in Fe and Mn accumulation potential due to increased sorption capabilities. It was also observed that free 
chlorine residual FCR has a dual effect on Fe and Mn accumulation potential. A cross-validation coefficient of determination, 
R2 of 0.70 for the ANN model indicates that the model is likely to predict accumulation potential well on new datasets. 
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1. Introduction 
Elevated levels of iron (Fe) and manganese (Mn) concentrations in drinking water, which are the main causes of 
drinking water discolouration, have been a major concern for water supply companies worldwide. In the UK, it is 
estimated that one-third of all customer complaints concerning drinking water are related to water discolouration 
(Cook et al., 2005). These discolouration events lead to loss of customers’ confidence in water supply companies. 
Resent studies indicate a relationship between increased Mn concentrations in drinking water and reduced 
intellectual functions of children (Wasserman et al., 2006). Fe and Mn deposits in WDNs can cause pipelines to 
clog and water pressure to reduce, which in turn will mean that more energy will be required to pump water 
through the network. Furthermore, they can lead to increased treatment costs and reduced treatment capacity, 
increased pumping and rehabilitation costs. The variability of source materials, network hydraulics, biological and 
chemical reactions that occur within a network contribute toward creating a very complex environment that is 
difficult to understand and complex to model. In England Wales, the Drinking Water Inspectorate (DWI) imposes 
heavy fines on water companies when the Fe and Mn concentrations exceed their maximum concentration level 
(MCL) of 200 and 50 µg/l, respectively. With about 315,000 km of water mains in England and Wales, monitoring 
Fe and Mn concentrations will always be a very difficult and expensive task (DWI, 2010). There is therefore the 
need for a cost-effective tool to help water companies to identify areas in the WDNs with high risk of Fe and Mn 
failures.  
As mentioned above, there are many processes that influence the accumulation of Fe and Mn. In this work, we 
are mainly concentrating on finding the influence of chemical and biological parameters on accumulation. The 
major chemical processes that influence the accumulation of Fe and Mn are corrosion, oxidation, and sorption. 
Corrosion of iron pipes is one of the important chemical processes that can lead to material accumulation. As a 
result, many water companies worldwide are spending a lot of money to replace iron pipes with Polyvinyl Chloride 
(PVC) pipes. However, water companies are still experience some Fe and Mn failures even in areas which are 
entirely networked with PVC pipes, although they do not corrode over time since they do not react with air and 
water (Vreeburg, 2007).  
Noticeably, there are other factors that lead to Fe and Mn accumulation. These factors include complex 
physical, chemical, and / or biological processes, most of which are interrelated. Cerrato et al. (2006) attributed Mn 
accumulation in PVC pipes to deposition dynamics in the pipes. They observed that Mn deposits on PVC pipe 
walls were loose because of their exceptionally smooth walls and as a result were subject to sloughing and 
discolouration under the application of smaller shear forces compared to iron pipes. Boxall et al. (2001) 
hypothesised that sediment accumulation in WDNs occurs in layers, where each layer is conditioned according to 
daily shear stresses applied on it. According to them the discolouration potential of layers away from the pipe 
boundary increases as their layer strength decreases. This implies that a lower force is required to dislodge the top 
layer as compared to the layer below it.  
Fe can also undergo corrosion with increased dissolved oxygen in WDNs. Corrosion is a natural process that 
cannot be prevented but can be controlled. Corrosion of cast iron pipes is the most common cause of drinking 
water discolouration (DWI, 2007). Such corrosion causes three main problems: (1) pipe mass is lost in the form of 
iron-bearing scales or soluble iron, (2) accumulated scales in pipes decrease the water capacity and increase the 
head loss, and (3) the release of soluble or particulate iron causes water discolouration and other aesthetic problems 
(McNeill, 2000). During the corrosion process, Oxidation and reduction reactions occur at the anode and cathode, 
respectively. Corrosion primarily occurs on the pipe wall with the anodic release of ferrous iron from iron metal 
(eqn. 1.). If the water has a higher pH, then the anodic reaction produces a surface film of ferric oxide (eqn. 2.). If 
DO is present in the system, reduction occurs at the cathode (eqn. 3.). The hydroxide ion causes the pH to increase, 
thus increasing the corrosion rate. 
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While corrosion occur mainly in cast iron pipes, chemical oxidation takes place in almost all types of pipes. Mn 
and Fe mainly exist as reduced soluble Mn2+ and Fe2+ at lower pH and redox potential. During the chemical 
oxidation process, both elements are oxidised by chemical parameters like DO and chlorine to insoluble Fe3+ and 
Mn4+ ions. The precipitates which are deposited on the walls of the pipes are dislodged by the excessive hydraulic 
forces produced by various hydraulic events such as increased water consumption, pipe bursting, pipe flushing, 
and valve operations to cause water discolouration. Chemically, Mn occurs in all oxidation states between 0 and 
+7, of which +2, +4, and +7 are environmentally and biologically the most important (USEPA, 1994).  Mn7+ is 
soluble whereas Mn4+ is insoluble. Mn can also exist in the +3 state; however, this state is very unstable and 
usually reverts to the +2 state. Mn compounds in +5 state are not very common (EPA, 2009; American Water 
Works Association, 1999; Kohl et al., 2006). 
Sorption is a physical and chemical process by which adsorption and absorption take place simultaneously. A 
research conducted by Wang et al. (2012) on the adsorption of Mn2+ on amorphous Al(OH)3 showed that 
adsorption mainly took place when the pH of drinking water  was above 7.5. They observed that adsorption of 
Mn2+ on amorphous Al(OH)3 was enhanced with high concentrations of Ca2+ and Mg2+ due to the effects of co-
precipitation contributed by newly formed CaCO3 and Mg(OH)2 on other solids. They also found that dissolved 
organic matter, especially Humic Acid (HA), enhanced adsorption of Mn2+. The adsorptive capacity of Mn2+ on 
amorphous Al(OH)3 were listed from strong to weak as follows: pH > HA > Mg2+ > Ca2+. 
Biofilms are microorganisms that get attached to pipe walls and then multiply to form slime layers. Decho 
(2000) defined biofilms as aggregates of microorganisms such as mixed populations of bacteria, fungi, protozoa, 
algae and higher organisms in the food chain such as nematodes and larvae. Biofilm formation is a continues 
process of attachment, development, and detachment. During the process, some parts of the pipe wall surfaces 
attracts organic and inorganic molecules from the water to form nutrient-rich conditioning films. Colonising 
bacteria then adhere to these conditioning films and multiply leading to biofilm maturation. Shear forces exerted 
by flowing water impact on the matured biofilms causes them to dislodge leading to discolouration (CRCWQT, 
2005).  
Sly et al. (1988)  and LeChevallier et al. (1987) attributed the increase in concentration of Fe and Mn in WDNs 
to the biological oxidation of soluble Fe2+ and Mn2+ ions to insoluble Fe3+ and Mn4+ ions, respectively by 
microorganisms such as Crenothrix, Flavobactium, Pseudomonas, Leptothrix discophora, and Clonothrix. 
Although it is difficult to control the temperature of water in WDNs, the temperature remains a very important 
factor influencing bacterial growth rates. Temperatures above 15°C promote bacterial growth. In addition, high 
temperatures can strongly influence the treatment plant efficiency, disinfection efficiency and corrosion rates 
(LeChevallier, 1990; CRCWQT, 2005). The type and concentration of disinfectant used can affect biofilm growth 
in WDNs. Monochloramine and chlorine differ in their effectiveness in controlling biofilm growth. 
Monochloramine has several advantages over chlorine when used as a secondary disinfectant. It is very effective 
because it does not dissipate quickly and provides longer-lasting protection. It is considered to be a less effective 
biocide for free cells, but it remains stable over a long duration. In addition, it better penetrates thick residuals and 
is less reactive. However, the effect of monochloramine on attached cells is very difficult to measure (Zhang and 
DiGiano, 2001; EPA, 2009). 
The complex nature of the water quality modelling has caused water resource engineers to use artificial neural 
network ANN in developing hydrological models, given their ability to capture and learn both linear and complex 
nonlinear relationships from modelling data, especially in situations where the underlying physical relationships 
are not fully understood (Lingireddy and Brion, 2005). In water resource engineering ANN have been used to 
predict the residual chlorine in WDNs  (Rodriguez et al., 1997), forecast the source water salinity (DeSilets et al., 
1992), predict the dose of alum and polymers required for coagulation (Mirsepassi et al., 1995), forecast turbidity 
and colour removal, through enhanced coagulation (Stanley et al., 2000) and raw water colour forecasting (Zhang 
and Stanley., 1997). 
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2. Model development 
An artificial neural network (ANN), also called neural network, is a mathematical model that simulates the 
system of biological neural networks. Generally, a neural network consists of three layers of neurons: input layer, 
hidden layer and output layer. The input layer receives the data and passes them on to the hidden layer, and finally 
the output layer generates the predicted values. All neurons in their layers are fully weighted and connected, and 
the weights are adjusted during the training phase. 
A six-year water quality dataset covering 176 different District Metered Areas (DMAs) from a UK water 
company was used to develop an ANN model to predict Fe and Mn accumulation potential. The dataset contains 
water quality data of 37 parameters. Samples were collected randomly from various locations within the above 
DMAs. Through a statistical analysis the water quality parameters that are highly influencing the Fe and Mn 
accumulation as well as causing larger number of customer complaints were selected for the model development. 
The actual Fe and Mn accumulation potential values were calculated by scaling Fe and Mn concentrations between 
0 and 1, adding them and rescaling them again between 0 and 1. Therefore it has no unit of measurement. Fe and 
Mn accumulation potential greater than 0.6 were classified as high risk, between 0.2 - 0.6; medium risk and below 
0.2; low risk. The data selected constituted DMAs with high, medium and low levels of customer complaints in 
order for the model to capture all levels of discolouration. The selection of appropriate input variables is very 
important for the development of any type of model. It reduces the cost of collecting unwanted data and improves 
the performance of the model. In ANNs including inappropriate input variables confuse the training process. 
Initially, 37 water quality parameters were selected. However, it was reduced down to 15 parameters based on a 
study conducted by Prasad and Danso-Amoako (2013; in press) and knowledge obtained from other literature. The 
network was built with the reduced number of different input parameters in different combinations each time 
removing the non-contributing parameters until an acceptable performance or a better coefficient of determination 
(R2) value was obtained.  
The network was built using the commercial statistical software, JMP 9 (SAS Institute Inc., 2010). The Back-
Propagation Algorithm (BPA), which is the most popular algorithm for training ANN, was used to develop the 
model. In PBA, the prediction error is fed back into the neural network for updating the connection weights so as 
to minimise the total error between the prediction and the value in the training procedure. The developed ANN 
model for predicting Fe and Mn accumulation potential is shown in Fig. 1 is a single-layer feed-forward neural 
network. K-Fold cross-validation R2 method was used to build the neural network model in this research project. 
The input dataset was divided into K (five) folds. Each of the five folds was used, in turn, for validation while the 
holdback samples were used for model training. R2 was computed for each holdback sample and the results were 
averaged to give a cross-validation R2. The network used the training dataset for learning, that is, to adjust the 
weights and biases. The validation dataset was used to stop the training process when generalisation stopped 
improving. If there is poor network performance on the training dataset it indicates that there is either insufficient 
data for training or there is little or no relation between the input and output parameters. However, if the 
performance of the network is good on the training dataset but poor on the validation dataset, it means the network 
memorised the data instead of performing a generalised learning on it. While ANNs with too many neurons and 
hidden layers tend to memorise the input data, those with a very small number of neurons and hidden layers may 
not give accurate predictions. In view of this, a trial-and-error approach was used in selecting the number of 
neurons and hidden layers until an optimal result was obtained. Also, a heuristic method; where the number of the 
hidden neurons equals the number of training samples over the number of input dimensionality was used as a guide 
in choosing the appropriate number of hidden neurons required. It was observed that adding more layers to the 
network caused the developed model to memorise the input data instead from learning from it. The important 
parameters that were able to predict Fe and Mn accumulation potential were aluminium, calcium, free chlorine 
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residual, colour, pH, magnesium, phosphorus and turbidity. A user-friendly software for predicting Fe and Mn 
accumulation potential was then developed using Microsoft Visual Basic programming language and the ANN 
equations generated by the JMP software. 
 
 
Fig. 1. The artificial neural network model showing the input and output variables. 
 
3. Results and discussions 
To evaluate the performance of ANN with respect to the prediction of Fe and Mn accumulation potential, 
different evaluation measures can be adopted. For example, R2 is computed for each holdback sample, and the 
results are averaged to give a cross-validation R2 (Cox et al., 2010). The cross-validation R2, was used as a 
quantitative measure to evaluate the performance of the model. A cross-validation R2 value of one indicates a 
perfect model, nearly one a good model and nearly zeros a poor model. The cross-validation R2 value of 0.81 and 
0.70 for the training and validation data sets, respectively indicates the predicted values are similar to the actual 
values; an indication that the model is likely to predict accumulation potential reasonably well on new datasets 
(Table 1). Another method to evaluate the performance of ANN is to compute the root mean square error (RMSE), 
which is a measure of the differences between the predicted values of a model and the observed values. The 
equation for calculating RMSE is given in eqn. 4. Since Fe and Mn accumulation potential has no unit of 
measurement, RMSE also has no unit. The smaller the RMSE, the better the predictive power of the model. 
Similarly, a RMSE of 0.009 and 0.008 for the training and validation data sets, respectively indicates that the 
model is likely to predict well on new data sets. Since Fe and Mn accumulation potential also depends on physical 
parameters such as flow variation, shear stress and pipe material, the model could be further improved if they are 
added to it. 
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Where RMSE = root mean square error. 
fi = ith forecasted or predicted value. 
oi = ith observed value. 
n = number of observation 
         
 
 
        Table 1. Training and validation results for the ANN model for predicting Fe and Mn accumulation potential. 
Training Validation 
Cross-validation R2 0.810 0.700 
Root mean square error (RMSE) 0.009 0.008 
Mean absolute deviation 0.005 0.005 
Sum frequency 2361 590 
 
Although it is good to find out how adequately an ANN model predicts values, it is even better to assess 
visually and interactively the impact of changing input variable values on the response variable value. The JMP 
software is able to produce prediction profile graphs to efficiently predict the value of the response variable for any 
combination of the explanatory variables. These graphs can also be used as an optimiser for water companies to 
find the optimal explanatory variables to reduce Fe and Mn accumulation potential. The prediction profiler graphs 
produced by the JMP software in Fig. 2. shows the relationships between the response variable; Fe and Mn 
accumulation potential and 8 explanatory variables.  
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Fig. 2. Prediction profiler output by the JMP software showing the relationships between the response variable; Fe and Mn accumulation 
potential and 8 explanatory variables. 
From the prediction profiler graph Fig. 2(a), it was observed that increasing aluminium in the range 0 to 120 
µg/l resulted in an increase in Fe and Mn accumulation potential. However, there was a slight decrease in Fe and 
Mn accumulation potential when aluminium concentration exceeded 120 µg/l. The increase in Fe and Mn 
accumulation potential could be as a result of the sorption of Fe and Mn on amorphous Al(OH)3; a compound that 
has sorption capabilities (Wang et al., 2012; Dayton and Basta, 2005). Fig. 2(b) shows that increase in calcium 
concentration causes Fe and Mn accumulation potential to reduce. This is due to the fact that increase in calcium 
concentration causes the formation of calcium carbonate (CaCO3), if there is enough carbon and DO in the WDN. 
Increase in CaCO3 concentration usually causes alkalinity levels to increase and subsequently causes Fe and Mn 
accumulation potential to reduce. This finding conforms to the research on alkalinity conducted by Naylor et al. 
(1993) and Gray (1994).    
Free chlorine residual has a dual effect on Fe and Mn accumulation potential. Since free chlorine residual is an 
oxidising agent, it chemically oxidises soluble Fe2+ and Mn2+ to insoluble Fe3+ and Mn4+. Conversely, because it is 
also a disinfectant, it helps to kill Fe and Mn oxidising bacteria. This, subsequently, prevents biological oxidation 
of Fe and Mn to take place in the WDN. The prediction profiler graph in Fig. 2(c) shows that Fe and Mn 
accumulation potential reduces as free chlorine residual concentration increases in the range of 0 to 1.8 mg/l. The 
concentration of free chlorine within this range prevents biological oxidation but not strong enough to cause 
chemical oxidation. On the other hand, it was observed that Fe and Mn accumulation potential gradually increased 
when free chlorine residual concentration exceeded 1.8 mg/l; a range where chemical oxidation of Fe and Mn 
occur. Although the maximum concentration level (MCL) of free chlorine residual is 5 mg/l, and increasing it to 
some extent helps in reducing Fe and Mn accumulation potential. Large quantities are inappropriate as it can cause 
strong odour and the potential for the production toxicity of free chlorine disinfection by-products trihalomethanes 
and other chlorinated organics upon reaction with natural organic matter (Teasdale et al., 2007). 
Colour is an indirect measure of total organic carbon (TOC). Several studies have shown that TOC 
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concentrations are strongly correlated with water colour (Effler et al., 1985; Gorham et al., 1986; Evans, 1988). 
Since increased TOC levels in the water enhances biofilm formation van der Kooij (2002), this explains why there 
is a strong positive correlation between Fe and Mn accumulation potential and colour as shown in Fig. 2(d). 
Phosphorus is another bioavailable form of nutrient that bacteria in WDNs need for growth and production 
(CRCWQT, 2005). This explains why there is also a strong positive correlation between Fe and Mn accumulation 
potential and phosphorus (Fig. 2(g)). The strong positive correlations exhibited are an indication that most of the 
oxidation that occur in WDNs are microbial induced. The model did not show any significant variation in Fe and 
Mn accumulation potential with (pH Fig. 2(e)). 
Screen shots of the developed software for predicting Fe and Mn accumulation potential is shown in Fig. 3. The 
effect of the water quality parameters; aluminium and turbidity on Fe and Mn accumulation potential is 
demonstrated in Fig. 3. High and low values of these two parameters resulted in a prediction of Fe and Mn 
accumulation potential values of 0.8692 and 0.0033, respectively. 
 
 
 
Fig. 3. Screen shots of the developed software for predicting Fe and Mn accumulation potential. 
 
4. Conclusions 
An ANN model was used to predict Fe and Mn accumulation potential in WDNs. The cross-validation R2 of 
0.70 for the ANN model indicates that the model is likely to predict accumulation potential reasonably well on new 
datasets. The model could be further improved if physical parameters such as flow variation, shear stress and pipe 
material are added to it. With the addition of these physical parameters, the software developed for predicting Fe 
and Mn accumulation potential can be of great benefit to water resource engineers and drinking water supply 
companies in managing water discolouration. It can also be used to investigate the effect of chemical and 
biological water quality parameters on the accumulation potential of Fe and Mn in WDNs. 
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It was observed from the model that increasing aluminium in the range 0 to 120 µg/l caused an increase in Fe 
and Mn accumulation potential with a slight decrease when it exceeded 120 µg/l. The increase could be due to 
sorption of Fe and Mn on amorphous Al(OH)3. Increase in calcium concentration caused a decrease in Fe and Mn 
accumulation potential. This was due to the formation of calcium carbonate (CaCO3); a compound that usually 
increases alkalinity levels and subsequently causes Fe and Mn accumulation potential to reduce. 
The role of FCR in drinking water has mixed effects. Since free chlorine residual is an oxidising agent, it 
chemically oxidises soluble Fe2+ and Mn2+ to insoluble Fe3+ and Mn4+, which subsequently increases corrosion 
rates. On the contrary, since it is a disinfectant, it prevents biological oxidation of Fe and Mn in WDNs by killing 
the Fe and Mn oxidising bacteria. FCR concentration in the range of 0 to 1.8 mg/l was found to reduce Fe and Mn 
accumulation potential. While FCR concentration above 1.8 mg/l caused an increase in Fe and Mn accumulation 
potential. Based on these observations an optimal FCR concentration range of 0.8 to 1.8 mg/l is recommended to 
reduce water discolouration or Fe and Mn accumulation potential.  
Colour, which is an indirect measure of total TOC, and Phosphorus both exhibited strong positive correlations 
with Fe and Mn accumulation potential. Both water quality parameters are bioavailable forms of nutrients that 
bacteria in WDNs need for growth and production. The strong positive correlations by both parameters could be an 
indication that most of the oxidation that occur in WDNs are microbial induced. 
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